Abstract: This paper empirically investigates the causes of bank failures in Japan and Indonesia. Using logistic regression analysis of financial ratios, we explore the usefulness of domestic bank failure prediction models with a cross-country model that allows for cross-correlation of the error terms. Our results suggest that loans, both as a ratio to total assets, deposits and in some cases the ratio of non-performing loans, are the most significant predictors of bank failure in both Japan and Indonesia. Regulatory capital ratios, on the contrary, do not seem to be significant indicators of failure. In addition to the domestic models, we explore the usefulness of a cross-country model of bank failure prediction and find that this model outperforms the domestic models on several diagnostic tests.
I. Introduction
The Asian Crisis of 1997 brought calls to strengthen monitoring of financial markets in the region. In light of academic research on crisis "contagion" during the 1997 crisis, not only domestic regulatory agencies in Asia, but regional bodies as well, have devoted increased resources to early warning systems to monitor the likelihood of systemic crisis or instability in their own economies and regionally as well. This study proposes an early warning model for predicting bankruptcy of commercial banks and investigates the usefulness of regional cooperation in designing such models and monitoring the sector. We hope that this study will serve as a reference to domestic regulators designing early warning monitoring systems for their banking sector and encourage regional cooperation in the design and monitoring of such systems.
II. Methodology
Our study uses logit analysis 1 on financial ratios 2 of commercial banks in Indonesia and Japan to compare the two domestic models with a cross-country model of bank failure prediction.
A. Data
Our data on financial ratios is drawn from the balance sheets and income statements for the entire population of commercial banks in Indonesia and Japan. In Indonesia, the sample includes state-owned banks, private national foreign exchange and non-foreign exchange banks, regional development banks, joint-venture banks, and foreign banks for fiscal years [1997] [1998] [1999] [2000] [2001] [2002] [2003] . The population of Japanese commercial banks includes city banks, long-term credit banks, trust banks and regional I and II banks for fiscal years 1978-2001 3 . We investigate the failure prediction value of 17 financial variables that proxy for the fundamental condition and performance of the banks'under analysis.
The variables are as follows:
1. CaD = Capital to Deposits 2. EtD = Equity to Deposits 3. LtE = Loans to Equity 4. LtC = Loans to Capital 5. FAE = Fixed Assets to Equity 6. FAC = Fixed Assets to Capital 7. ETA = Total Equity Capital to Assets 8. ROE = Return on Equity 1 Beaver (1966) and was a pioneer in this approach. Altman (1968) proposed an alternate approach, multiple discriminant analysis (MDA), but later studies, such as Martin (1977) concluded that the distribution assumptions of the logit model are more reasonable. 2 Meyer and Pifer (1970) found that financial variables are good predictors of failure even when the cause of failure is embezzlement or other financial irregularities. Recent work by Hillegeist, Keating, Cram and Lundstedt (2003) After estimating the logistic model with the full set of financial data, we do a stepwise logistic regression that uses factor analysis 5 to reduce the number of independent variables in the regression by identifying those variables which are most informative in predicting bankruptcy. In the logistic estimation, we also employ maximum likelihood technique as an approach to calculate the intercept and coefficient parameters. We i P is the probability of
The probability of N values of sample Y given all N sets of values X i is calculated by multiplying the N probabilities:
The maximum likelihood estimation (MLE) chooses estimates of the intercept and coefficients of parameters from a set of K independents variables (i.e. 
C. Diagnostic Tests
After estimating both the full logistic model and the stepwise logistic model, we conduct some diagnostic tests on the appropriateness of the three prediction models: the domestic models for Japan and Indonesia and the cross-country model. A goodness of fit test is conducted using the likelihood ratio statistics as proposed by Aldrich and Nelson (1984) and McFadden (1973) , which measures the difference between observed value and predicted value of dependent variable (the probability of bankruptcy) and tests the null hypothesis that there is no statistically significant difference between actual observed bank failure and classification using the bank failure prediction model. We also look at the predictive power of our models. This is a test of the power of the model to predict bankruptcy or survival of the population of banks. Our bankruptcy prediction model generates a number between 0 (zero) and 1 (one) representing the probability of bankruptcy. Depending on the set cut-off-point for classification, the predictive power of the model can be expressed by four ratios: accurate estimation of bankruptcy, accurate estimation of survival, false classification of a surviving bank as a bankruptcy (type I error) and false classification of a failed bank as a survivor (type II) error (refer to Santoso (1996) ). The cut-off-point represents the probability level where a bank is classified as signaling bankruptcy or not and therefore plays a critical role in determining the predictive power of the model. We follow the suggestion of Santoso (1996) suggests the use of the proportion of bankrupt and non-bankrupt bank in the sample (or in our case actual population) as the idea cutoff-point. Finally, we include some graphical representations of the specificity, the fraction of observed survivals that are correctly classified by the model, and sensitivity, the fraction of observed bankruptcies that are correctly classified, of the prediction models and compare these for the three models.
III. Empirical Results

A. Logistic and Stepwise Logistic Models
Tables 3A-3B report the results of the first logistic regression, incorporating all available financial ratios in domestic bankruptcy prediction models for Japan and Indonesia and a cross-country model taking advantage of information from both. Tables 4A-4C report the results of the second step, where we have used factor analysis to narrow the range of variables used in the prediction model considerably. In all tables, rather than the coefficient estimates, we report the log of the odds ratio, which is derived from the coefficient estimates 6 and represents the increased odds of bankruptcy for each unit increase in the independent variable. In the stepwise regressions, for both domestic prediction models, the behavior of loans, in particular the ratio of loans to deposits or loans to equity, are significant indicators of bankruptcy. In Indonesia the ratio of loans to total assets and nonperforming loans are also significant indicators of bankruptcy. This is perhaps not surprising, as troubled banks may increase lending in the face of financial difficulty as a way of bringing in revenue and this lending may in fact tend to go to riskier borrowers who can pay higher interest rates. For the domestic Japanese model, the fact that OTA (ratio of other securities to assets) and ROA (return on assets) enter positively is contrary to our expectations but neither odds ratio is significantly different from 0 7 . In the case of ROA, this may be signaling increasing risk, requiring higher return on assets. The cross-country stepwise regression results, reported in table 4C, also suggest that loan behavior is very significant in predicting bankruptcy. The loan to equity ratio and ratio of non-performing loans for Indonesian banks enter statistically significantly in the cross-country model. The ratio of securities to total assets and for Indonesian banks and equity to total assets for both Indonesian and Japanese banks (STA and ETA) also enter significantly positive, and the odds ratio for STA is particularly large. This is contrary to our expectations, but may reflect depositor flight prior to bankruptcy, which would reduce short-term liabilities, thereby increasing the ratio or equity to assets in the short-run, as longer-term assets were fixed. The same phenomenon may be reflected in the very large positive odds ratio on capital to deposit ratios for Japanese banks.
6 If the probability of survival, or non-bankruptcy is , is the odds ratio. The log of the odds ratio
is not only linear in X, but also (from the estimation view point) linear in the parameters. Thus the relationship between the logistic coefficients and the odds ratios can be expressed as odds ratio = exp(logistic coefficients). 7 Note that although the odds ratio may be negligible, it can still be statistically significant, as the coefficient estimates from which the odds ratios were derived was statistically significantly different from 0
B. Goodness of Fit
Goodness of fit test for all three bank failure prediction models -Japan, Indonesia and the Cross-Country Model -display good fit with actual observed bankruptcy (table 5). Using the Hosmer and Lemeshow (2000) test 8 , we cannot reject the null hypothesis that there is no difference between observed bankruptcy and bankruptcy predicted by our model. Table 6 reports the predictive power of all three models. All three models correctly classified over 90% of the outcomes. Negative predictive power, the probability of a bank surviving given that our model had classified it as a survivor, was highest for the model using only Japanese data, at 99.47%, but negative predictive power was fairly high in all cases, 97% for the crosscountry model and 93% for the Indonesian model. Perhaps more important to regulators is positive predictive power, the probability of a bank actually going bankrupt given that the model classifies it as such. Positive predictive power was highest for the cross-country model at 32.41%, and significantly lower for the two domestic country models at around 22% for Japan and 26% for Indonesia. Type I and type II error are also reported in table 6. Type I error, the percentage of surviving banks that were incorrectly predicted to fail by the model, was below 5% in all cases, and lowest at 0.20% for the domestic Japan model. Perhaps more significant for regulators, type II error, the percentage of failed banks that were incorrectly predicted to survive by the prediction model, was substantially higher even for the cross-country model, which at 51% displayed the lowest type II error. Table 6 and graphs 1A-1C display the sensitivity and specificity of the prediction model. Specificity, the fraction of observed survivals that are correctly classified by the model, was fairly high -over 95% -for all the models, and highest for Japan at 99%, followed by the Indonesian model at 97%. Sensitivity, the fraction of observed bankruptcies that are correctly classified, was significantly lower for all three models and for the two domestic models was even below 10% (9.5% for Japan and 8.7% for Indonesia. Of the three, the cross-country model performed best on sensitivity, with 49% of observed bankruptcies correctly classified. Graphs 1A, 1B, and 1Cdisplay graphically the ROC curve, the trade-off between sensitivity and 1-specificity as the cutoff point is varied between 0 and 1. A model with no predictive power would display a straight 45 degree line (50% of the graph beneath the curve) and in general the more bowed the line is and the larger the area beneath the curve, the better the performance of the model. Our cross-country model displays the best performance, with 92% of the area under the ROC curve. This is higher than the single country curves for either Japan (88%) or Indonesia (78%)
C. Predictive Power
D. Sensitivity and Specificity
IV. Conclusions
Our domestic bank failure prediction models highlight the importance of monitoring banks' loan behavior in monitoring bankruptcy or financial weakness. In both Japan and Indonesia ratios such as loans to deposits and loans to total assets entered statistically significantly with odds ratios generally higher than 1. The ratio of non-performing loans also entered significantly statistically and quantitatively for Indonesia. This contrasts with other studies on corporate bankruptcies in the region, which find liquidity and profitability ratios to be the most important indicators of failure (see for example Shirata (1998)) . Surprisingly, we do not find regulatory capital ratios to be important predictors of bank failure for the period under study. This contrasts with other studies and may be due to the inaccuracy of regulatory capital measures during the period, or to unique domestic regulations, such as the inclusion of latent capital gains on equity to count toward tier II capital for Japanese banks. The main goal of this study was to explore the usefulness of cross-country models in monitoring the health of the banking sector or providing early warning systems of systemic crisis. We find that such models hold promise. Our cross-country bank failure prediction model displays high percentage of outcomes to be correctly classified, good goodness-of-fit, and high specificity. On diagnostics likely to be of most concern to regulators and policy makers -sensitivity, positive predictive power and type II error -the cross-country model actually out-performed the domestic models. We hope these findings will stimulate regional cooperation on this issue. Standard errors in brackets: * significant at 10%; ** significant at 5%; *** significant at 1% 
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